The field of computational proteomics is approaching the big data age, driven both by a continuous growth in the number of samples analysed per experiment, as well as by the growing amount of data obtained in each analytical run. In order to process these large amounts of data, it is increasingly necessary to use elastic compute resources such as Linux-based cluster environments and cloud infrastructures.
Introduction
The field of computational proteomics is approaching the big data age (1), driven both by a continuous growth in the number of samples analysed per experiment, as well as by the growing amount of data obtained in each analytical run. This trend towards ever more data is also directly reflected in the rapidly growing amount of publicly available proteomics data, which in turn means that there is increasing benefit to be had from the reanalysis of millions of mass spectra (2-5) to find new biological insights (e.g. novel variants and post-translational modifications (6)).
However, in order to process these large amounts of (public) data, it is increasingly necessary to use elastic compute resources such as Linux-based cluster environments and cloud infrastructures (7) .
The development of computational proteomics tools has historically been skewed by the development of Windows-based software tools such as ProteomeDiscover, MaxQuant (8) , PeaksDB and Mascot Distiller (9) . An important driver for this bias has been the lack of cross-platform libraries to access instrument output data files (RAW files) from major instrument providers (10). Several approaches have been devised to overcome this challenge, including the use of dedicated Windows machines in workflows (11) for conversion to RAW data to standard file formats such as mzML (12), the encapsulation of Windows tools such as ReAdW (13) and msconvert (14) into used by the PRIDE Database to re-annotate thousands of RAW files with the correct instrument metadata. For peak picking, data centroiding, and noise removal, ThermoRawFileParser relies on the native methods provided by the Thermo API.
A key feature of any open-source tool is its ability to integrate with other frameworks (26) . We have therefore created a BioConda recipe (24) for ThermoRawFileParser (https://github.com/bioconda/biocondarecipes/tree/master/recipes/thermorawfileparser), which can be used to automatically build a Docker Container. This Docker is pushed to the BioContainer project (25) , which in turn enables easy reuse of the tool by both the Galaxy (22) and the Nextflow (23) environments. As an illustration of such integration, we have developed a Nextflow workflow for the proteomics community, which converts an entire ProteomeXchange project using the ThermoRawFileParser container (https://github.com/bigbio/nf-workflows).
In addition to the command-line tool, we have implemented a graphical user interface that makes the use of ThermoRawFileParser easier and highly intuitive, enabling the user to perform conversions of RAW files. The GUI includes all main options of ThermoRawFileParser, and a report system to report errors during the 
Benchmark analysis workflow
To perform the benchmarking, we built a workflow using OpenMS (18, 28) in which raw files were converted from Thermo Scientific RAW files to mzML using the msconvert tool from ProteoWizard (14) 
Results and Discussion
We compare msconvert and ThermoRawFileParser conversion to mzML using four different metrics: MS1 peak count distribution, MS2 peak count distribution, identification map, and the precursor charge distribution (Supplementary Figure 1) .
The results show major differences between both tools with regards to the number of peaks reported, and this on each MS level (MS1 and MS2). On average, the number of peaks per spectrum is ten-fold higher for msconvert mzML files as compared to ThermoRawFileParser mzML files. This occurs because the new peak picking method implemented in the Thermo API used by ThermoRawFileParser improved drastically with regards to the removal of noise peaks that do not contribute to identification. As a result, despite the substantial difference in the number of peaks retained, there is no major difference in the identification map and precursor charge distribution (Supplementary Figure 1 ) between the tools. Table 1 shows the number of MS1 and MS2 spectra, and the number of identified peptides and proteins for both workflows. Across all samples and replicates, the number of identified peptides and proteins is higher for the ThermoRawFileParser workflow when compared to the msconvert workflow, despite the abovementioned higher number of peaks retained in the msconvert workflow. This identification advantage for ThermoRawFileParser derived mzML files amounts to 10% on average at the peptide level, and to 4% on average at the protein level ( Table 1) .
Benchmarking protein quantification between both approaches shows no major differences between the two approaches (Figure 2) .
As a final benchmark, we analysed the IPRG2015 dataset to verify whether the mzML files obtained by the ThermoRawFileParser pipeline could replicate the quantification of the spike-in proteins in the sample using the approach described in the original publication (27). The results show that there is no appreciable difference between the IPRG 2015 analysis and the results from the ThermoRawFileParser workflow (Figure 2) .
In addition to msconvert, the recently published RawTools (21) allows to convert RAW files into MGF files. In addition, it provides multiple options to perform QC metrics. However, RawTools is not design as a conversion tool and do not provides support for standard HUPO-PSI file formats such as mzML.
Conclusions
ThermoRawFileParser is an open-source software tool for the conversion of Thermo ;
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